Forests and woodlands have long been associated with tourism and recreation and there is a growing demand for improved planning tools to measure and maximize amenity value from policy intervention. Building on earlier studies, this study develops a trip generation function (TGF) to predict visit rates to public and privately owned forest sites in Great Britain. Using a zonal approach, the models were based on visit counts to 100 countryside woodland sites. A survey of forest managers was made to collect data on facilities and characteristics, and geographical information systems analysis was used to defi ne outset zones and compile data on the population living within the zones and the quality and accessibility of alternative woodlands. A series of stand-alone TGFs were developed. In addition to size of population living within a 2-h travel time and substitute-site accessibility, the results highlighted the importance of the number of site facilities in determining visit rates. The results of a cross-validation suggest that the TGFs are suffi ciently robust to predict visitor numbers at an aggregate level. However, the current value of this type of modelling to forest management decision making, and further advancement in modelling to allow transferability of results to unsurveyed sites is currently constrained by a number of data limitations, including the quality of available visit data.
Introduction
As well as the conventional range of forest products, forests, woodlands and trees provide what can be termed amenity services. It is the existence of these amenity services that attract people to visit forest and countryside areas. While forests and woodlands have long been associated with tourism and recreation, recent years have seen a signifi cant shift towards multi-purpose forestry, with increasing management effort fo cused on balancing timber production with management for recreational and environmental benefi ts ( Mather, 2001 ) . In line with changing priorities, there is a growing demand for improved planning tools to measure and maximize amenity value from policy intervention. Single-site valuation studies of amenity and recreational resources have limited relevance for wider decision making ( Lovett et al. , 1997 ; Bateman et al. , 1999 ) . As such, economic tools to help evaluate past and prioritize future, forestry investments and to assist with resource allocation decisions are deemed increasingly useful. A common requirement for bodies charged with managing a range of recreational sites is an understanding of the factors that infl uence the choices made by the public when deciding where to visit for their recreational activities ( Jones et al. , 2002 ) . This understanding will assist forest managers in effective management to target resources at appropriate sites, for example, to maximize public good benefi ts and to ensure that visitor carrying capacities are not exceeded.
Consequently, the development of transferable recreational demand functions, where the fi ndings of evaluation studies can be transferred to unsurveyed or planned forest sites, has become a focus for research ( Garrod and Willis, 1994 ; Lovett et al. , 1997 ) . Such tools ' potentially ' offer considerable fi nancial savings for forest managers and are an attractive alternative to expensive and time-consuming visitor surveys.
Considerable research effort has focussed on the transfer of benefi ts between woodlands (e.g. Loomis, 1995 ) . The benefi ts of recreational demand are a function of the unit value of demand and the size of that demand measured in terms of visitor numbers. It has been argued that whilst the unit value of demand may vary between woodlands, the greatest variation in recreational value between sites is due to differences in the number of recreational visits meriting further research this area ( Lovett et al. , 1997 ) . However, to date only a few studies have focussed on the development of models for predicting visitor numbers ( Bateman et al. , 1999 ; Jones et al. , 2002 ) . A key reason for this bias in research effort is likely to be the large volume of literature on the valuation of the non-market benefi ts of woodlands relative to the limited availability of reliable visit count data at a representative range of forests and woodland sites across the country. Data availability is also a key factor limiting the transferability of existing models, most being developed from datasets of questionable reliability and limited to forests and woodlands located within a relatively small geographical area. Other limitations include the restricted ability of earlier analyses to capture the spatial complexity of demand functions ( Bateman et al. , 1999 ) , although recent advances in computing technology and, in particular geographical information systems (GIS), have raised expectations in this respect.
The aim of this study is to test a series of models that explain recreational visits to countryside woodlands in Great Britain (GB). The analysis draws on the analytical capabilities of GIS to address spatial variability in factors infl uencing recreation demand, and on visitor data collected at 100 forest and woodland sites, the largest dataset of visit counts compiled to date for forests and woodlands in GB. The method follows that employed by Brainard et al. (2001) who were successful in developing simple, yet robust functions to explain recreation demand in English woodlands. As these authors state, the simplicity of the approach is one of its key merits, and unlike similar studies which have tended to concentrate on measuring the distance -decay relationship between travel costs and recreation sites ( Willis, 1991 ; Willis and Garrod, 1992 ; Bateman et al. , 1996 ) , the approach is not dependent upon the costly and time-consuming collection of visitor data at each site of interest. The research extends previous studies by incorporating a greater number of observation sites in the analysis, by expanding the geographical coverage of the research to include England, Scotland and Wales, and by encompassing data from private as well as publicly owned woodlands. It also tests the effi cacy of using the developed models to predict visitor numbers at unsurveyed sites and ad vances discussion on some of the related issues that would help improve this procedure.
Method
The methods employed here can be traced back to ' gravity ' models, which were typically used to model commuting decisions by regional economists. Elements of these models were evident in Hotelling's (1949) Travel Cost Models (TCMs) which used the number of visitors from an origin zone as a dependent variable and travel cost from the zone as a key explanatory variable ( Hanley et al. , 2001 ) . TCMs subsequently evolved into trip generation functions (TGFs) which predicted an individual's demand for a recreational trip, incorporating visitor and, later, site characteristics as explanatory variables. In recent years TGFs have been developed to predict visit rates and associated values for unsurveyed sites incorporating the type of variables described in this paper (see, e.g. Willis and Benson, 1989 ; Bateman et al. , 1999 ) .
Alternatives to the TGF approach include Expenditure Partition methods and Contingent Visit Approaches (CVAs), which can also be used to generate estimations of visitation behaviour at recreational sites. The partition method suffers from the fact that it only provides an indication of the relative importance of attributes, and is not able to quantify how these attributes affect visitation behaviour. The main drawback of the CVA approach, which relies on perceived changes in visitation behaviour given hypothetical changes in site characteristics, can result in the role of forest attributes in visitation behaviour being exaggerated relative to other factors ( Roberts et al. , 2000 ) .
The approach adopted in this study to derive the transferable TGF is the zonal technique, where visit rates to given sites from a set of outset zones are predicted ( Willis and Benson, 1989 ). The zonation is based on travel time(s) from the outset zone to the forest. The information required to model visit arrivals is provided within the TGF, the basic functional form of which is presented in equation (1) :
where Visits equals the annual number of visits made to the forest site under consideration, Pop is a variable for the size of the population that lives within each outset zone, Char are variables to indicate the socio-economic characteristics of the population within each outset zone (e.g. age, unemployment), Att are variable(s) to refl ect the type and quality of facilities (e.g. forest trails) and other attributes (e.g. species mix) of the forest site, Sub is a variable to represent the type, quality and accessibility of substitute forest sites (based on an index of accessibility to alternative woodlands of varying type) and x describes a vector of other explanatory variables. The basic analytical method involves fi tting various linear regression models with the forest visitor counts from surveyed sites as the response variable. The resulting TGF predicts the mean values of the response variable for a linear combination of the explanatory variables, and shows, all things being equal , impacts of each explanatory variable on visit numbers. The objective of the modelling is to test regression models that help project the demand for recreational trips to woodland destinations. Inclusion of the described variables in the models is conducted on the basis of R 2 performance in univariate regressions and stepwise methods. Model performance is evaluated on the basis of the out-of-sample predictive power. To inform the multivariate regression models, a series of univariate regressions were fi rst fi tted between the explanatory variable and visit number data to assess independent infl uences over the variation in visit data. Following Brainard et al. (2001) the response variable used was the natural logarithm of the visit count.
Data

Visitor counts
For this study, visit number data were available for a total of 100 countryside woodland sites across GB, 42 in England, 41 in Scotland and 17 in Wales. ' Countryside woodlands ' refers to woodlands in rural and semi-rural areas including woodlands on the urban fringe. Of these, 68 sites were managed by Forest Enterprise (FE), 17 by the Royal Society for the Protection of Birds (RSPB) and 15 sites by the Woodland Trust in Scotland (WTS) ( Figure 1 ). Site names along with the visit numbers and methods used to collect the data are presented in Table 1 . The quality of the visit data (the response variable) is a key determinant of the ability of regression models to explain the variability in the data and therefore the ability of the TGF to predict future visits, while the extent to which the data is representative of all woodlands and forests in GB is a key determinant of the transferability of the TGF model. Data quality has been given surprisingly little consideration in earlier related studies. From a consideration of the geographical spread of sites, it is clear that very few of the woodlands in the sample are around the main centres of population. However, reliable visitor data is scarce, being collected on a systematic basis by only a small number of landowners, such as FE and a few not-for-profi t organizations. What little data exists is subject to considerable error.
According to the National Inventory of Woodland and Trees ( Smith and Gilbert, 2001 ) , there are around 2.7 million ha of forest and woodland in GB. Around 52 per cent is owned by private/ commercial interests. The nature of these sites and the extent to which they are publicly accessible is unknown. FE manages about 70 per cent of the remaining 1.2 million ha, the majority of which is open to the public. Charitable organizations collectively own about 90 000 hectares, about 3.5 per cent of all woodland, of which the RSPB and WTS own around a third. Data is collected at only a small number of sites by each organization. Due to lack of data, the extent to which these sites are representative of the holdings of these organizations cannot be determined, nor can we determine the extent to which the sites included in the analysis are representative of publicly accessible woodlands in GB.
The scarcity of data meant that visit counts for different 12-month periods had to be combined for the three ownership groups to form a single dataset. FE visit data were for the calendar year 1999, RSPB visit data were for the year April 1999 -March 2000 and only visit data for the 12 months from March 2000 were available for WTS sites ( Woodland Trust Scotland, 2001 ). This approach was considered acceptable based on a comparison of means for 1999 and 2000 FE visit data, which showed no signifi cant difference in the visit data between the 2 years ( t = 0.40, P = 0.968). However, the rounded nature of the WTS data raised further concerns over its reliability.
As with previous studies, data were collected using a variety of different counting mechanisms, some of which may be more reliable than others, including electronic vehicle counters, pay and display counters, pedestrian counters, pneumatic counters, ' magic eyes ' , forest drive tickets, cycle counters and manual ' hand ' counts. Depending on the mechanism, it can be necessary to translate counts into individual visits using assumptions such as the average number of individuals per car parked at a pay and display car park. Where data were available for less than 12 months, data for missing months were estimated by the managing organization. Where possible, manual data collected for certain months were assumed to be representative of visitor numbers for missing months allowing an annual estimate to take place.
There was also some inconsistency in the definitions of a ' site ' between the three organizations introducing further uncertainty into the data and a degree of ambiguity in terms of what was being modelled. The RSPB and WTS sites are nature reserves or areas of estate characterized by a signifi cant presence of woodland. Visits are generally counted at all access points to each site and represent the visits to the whole area, not just to the woodland. Consequently, woodland visits may be overstated. In contrast, the FE data were collected at single access points to a forest area (not specifi cally a block or compartment). These forest areas may have had more than one access point; thus, the visit numbers for FE woodland may be understated.
Site attributes data
Previous studies have shown site attributes to be signifi cant factors infl uencing visit rates to woodland recreation sites. Based on a review of the literature -assuming a reasonable degree of correspondence between the attributes that infl uence willingness to pay (WTP) and those that infl uence visit rates - ( Englin and Mendelsohn, 1991 ; Hanley and Ruffel, 1993 ; Bostedt and Mattsson, 1995 ; Scarpa et al. , 2000 ; and Brainard et al. , 2001 ) a range of factors were selected for inclusion in the anal ysis, as determined by the forest manager. Data on site facilities and characteristics were collected for the 100 sites through a survey of forest managers ( Table 2 ) .
Site characteristics included forest age, size and species mix. Following Brainard et al. (2001) data were collected on both the main woodland stand (BROAD) and on the woodland experienced by the majority of the visitors at the forest entrance (SPENT). Data on 27 site facilities were recorded including presence of a car park, picnic site, and visitor centre and data on the number and length of trails. Three additional ' facility index ' variables were calculated to indicate the number of facilities present at each site. The interpretation of index variables in the models is less straightforward than the individual variables. However, they are included as the likelihood of multicollinearity between attributes and the infl uence over degrees of freedom can present problems in the analysis. An unweighted facility index was calculated for all facilities included in the survey (UNWT27). All attributes were assigned a value of 0.1. Thus, if a site had fi ve attributes it would have an index of 0.5. This index, which was in the interval 0,2.7, included eight sub-attributes (wildlife activities, cafe, shop, bike hire, toilets, disabled walks and access to shop and fi shing), which could not be easily recognized as distinct site attributes in their own right (i.e. they were usually provided jointly with other attributes). Consequently, a second unweighted index was calculated for the 19 main attributes in the interval 0,1.9 (UNWT19). To improve on the method of Brainard et al. (2001) , a third index was calculated which weighted these 19 attributes (ATTINDEX) based on their popularity with visitors to forest sites. The weighting was derived from rankings of facilities from a random sample survey of 1900 respondents at 44 of the 100 forest sites undertaken in the summer of 2002. Respondents were asked to identify which attributes had had a positive infl uence on their decision to visit the site and to rank these selected attributes in terms of the infl uence on their decision to visit. A weighted index was then created which took into account the frequency that an attribute was cited as being important in the decision to visit, and the mean importance of the attribute in the decision to visit. For convenience the index was taken in the interval 0,1.
Population and socio-economic variables
Previous studies have found that the distancedecay function between a site and its potential users is the dominant population-related factor in explaining visitor numbers ( Brainard et al. , 2001 ). However, the socio-economic characteristics of the population are also likely to be key determinants of recreation demand. In order to represent both the proximity and nature of the local population, demographic data drawn from the 1991 Census ( Offi ce for National Statistics, 1991a , b ) were calculated for the population of six travel time zones around each forest site. Following the techniques described in Lovett et al. (1997) and Jones et al. (2002) , zones were defi ned using costdistance modelling based on travel time within 30, 45, 60, 90 and 120 min of the forest site. Based on fi ndings in earlier studies, data for 11 key demographic characteristics were assembled for each zone. Demographic data was extracted from the 1991 census based on enumeration district polygons in England and Wales and census output area polygons in Scotland. These spatial units represented the possible outset zones for visitors. GIS techniques were subsequently employed to create a unique identifi er for each spatial unit which was then used to extract the relevant demographic data from the Small Area Statistics data tables. In addition to population size, data were collected on indicators to represent affl uence, deprivation, age, ethnicity, access to transport and higher education ( Table 3 ) . Individual demographic variables were summed for each time band to obtain the total population for that variable. These variables were then respecifi ed to represent proportional indicators (taken in the interval 0,1) of the population or household in the time band as appropriate. The Census data only provide information on the resident population. However, tourists can account for a signifi cant proportion of visits to many forest sites. In this study the defi nition of a tourism visit is based on the distinction between leisure and tourism day trips in the GBDVS, (2003) , which defi nes as tourists those visitors on holiday staying away from home or on a day visit from home of duration longer than 3 h. As part of this study, a survey of 1900 forest visitors found that the average proportion of visits made by tourists was 0.52 (SD = 0.31, N = 44). This proportion tended to be higher in more rural areas and popular holiday destinations. This suggests that the size of the tourist population around forest sites may be a signifi cant factor in infl uencing visit numbers. However, data on tourist populations is generally unavailable at the equivalent spatially explicit level as residence data, and consequently was not included in the population variables.
Substitute woodland destination variables
The proximity of alternative recreation sites to visitor outset zones is also likely to be a key infl uence on the number of visitors to any given woodland location ( Bockstael, 1995 ) . For any individual visitor there may be a great many substitute recreation sites, including attractions in towns, cities, beaches and other countryside destinations as well as other woodlands. Calculating a substitution function for each substitute site presents a considerable challenge, as the substitution function is likely to differ between types of substitute sites as well as between sites within a single type. Lovett et al. (1997) suggest that the data available for these calculations, such as spatially explicit information of average driving speeds, are not yet adequate to inform their calculation, whilst Brainard et al. (2001) argue for simple models that exclude measures of access to substitute sites altogether due to the complexity of their measurement. However, advancements in GIS tech nology make the calculation of these variables increasingly straightforward, even if the data on which they are based are limited. Here, only indicators of proximity to substitute woodland sites were estimated. Size of woodland was used as a proxy for woodland quality. Based on the method outlined by Jones et al. (2002) , substitution indices were created for four woodland types in each time zone: small (<50 ha), medium (50 -100 ha), large (>100 ha) and ' all woodlands ' (i.e. small, medium and large). This allowed the availability of other woodlands in the proximity of the visitor outset locations to be quantifi ed, using data assigned to enumeration districts or census output area centroids. First, Bartholomew ' s digital database was used to compute a travel time surface for each woodland type using GIS. A ratio for each woodland type was then calculated based on the ratio between the area of woodland type to total woodland area. Because it is assumed that larger forests are more likely to draw visitors than smaller forests, the calculated ratios were then used as a weighting mechanism by multiplying the ratio for each woodland type by the corresponding travel time surface. These resulting accessibility surfaces constituted indices of substitute accessibility for the four woodland types. To create a fi nal set of substitute accessibility scores for inclusion in the analysis, the three accessibility indices were assigned to each enumeration district or census output area centroid cell and an average for the six time bands was calculated in GIS for each of the three substitute accessibility scores.
Results
Univariate regression analysis
Of the forest characteristics, forest size and the dominant species mix were found to be signifi cant explanatory variables with an R 2 of 0.157 and 0.258, respectively ( P < 0.1). Ownership explained the greatest amount of variability in the data ( R 2 = 0.277) of all attribute variables. Of the individual site facility variables, the presence of a visitor centre ( R 2 = 0.115), picnic sites ( R 2 = 0.181), toilets ( R 2 = 0.147) and cycle trails ( R 2 = 0.111) were all signifi cant explanatory variables. However, as with forest size and species mix, picnic sites, toilets and cycle trails were shown to be highly correlated with ownership. When RSPB and WTS woodlands are removed from the dataset on visit rates, the explanatory power of these variables is signifi cantly reduced. In contrast, the explanatory power of the presence of a visitor centre increased when only FE sites were considered. Car park capacity was another facility attribute found to be a signifi cant explanatory factor. However, as in the study of Brainard et al. (2001) , the correlative, rather than causative, nature of this link with visit rates also limits its value for use in predictive models. While the same could be true for other variables (e.g. toilets), it is likely to be more prominent for car parks because, on the one hand, ease of parking is likely to be a particularly important factor in the decision to visit. However, on the other hand, one cannot assume that large car parks will attract more visitors than smaller ones. Both the unweighted (UNWHT19) and weighted attribute index (ATTINDEX) were statistically signifi cant ( P < 0.01), although the unweighted index had a considerably higher R 2 of 0.138. This result is contrary to expectation and may be due to the quality of the visit number data, the survey data used to derive the weightings or to the weighting method itself. Nevertheless, the unweighted attribute index overcomes the problem of accounting for a large number of attributes within a relatively small sample size, as well as issues of multi-collinearity within the attribute set.
The total population within a 2-h drive of the forest sites explained the greatest variability in the data of the population variables ( R 2 = 0.144). It was noted that when RSPB and WTS woodlands were removed from the dataset, the explanatory power of this variable signifi cantly increased ( R 2 = 0.304). This effect was consistent across all time zones, possibly raising questions over the reliability of the RSPB and WTS data. Interestingly, when only FE data were considered, the population within the 90-min time zone explained the greatest variability in the data of the population variables ( R 2 = 0.304). Of the socio-economic characteristics of the population, the proportion of the population which is <9 years (PERUN9120), the proportion of households where the head is retired (RETIR120), the proportion of owner-occupied households (OWN120) and the proportion of the population in local authority housing (PERLA120) were all shown to be statistically signifi cant. Surprisingly, car ownership (CAR120) and social class (SOC120) showed no statistically signifi cant explanatory power. The substitute index for all woodlands within a 2-h travel time from outset zones (SALL120) was found to be signifi cant ( R 2 = 0.111). Again, when only FE sites were considered, the explanatory power of the variable increased ( R 2 = 0.153), although accessibility to large substitute woodland sites had the greatest explanatory power ( R 2 = 0.168). Table 4 summarizes the results of the univariate regressions for those variables that were signifi cant and which were selected to form the set of explanatory variables entered into the stepwise multivariate regression models. It was necessary to preselect variables in such a way due to restrictions on degrees of freedom imposed by the sample size, which in this case was limited to 100 observations, and problems of multi-collinearity of variables which effectively acted as surrogates for others. Using the results of the univariate regression, the most signifi cant variables were selected from four predictor groups where potential for multi-collinearity was high. These groups were attribute variables, population variables, substitute woodland variables and socio-economic variables. Within the attribute group, the unweighted index proved a signifi cant predictor of recreation demand (more signifi cant than the weighted index) and overcame the problem of accounting for a large number of attributes in a relatively small sample size. Its use also overcame the problem of multi-collinearity which was inherent in the presence/absence attribute set. For example, many sites with a cycle trail also have a forest walk and those with a visitor centre also have toilets etc. Some attributes, such as cycle trails and picnic sites, were also found to act as surrogates for forest ownership, as was the species dummy which was dropped for the same reason.
Multivariate regression models
Backward stepwise multiple linear regression was used to generate a number of TGF models to forecast visitor arrivals at GB woodlands. Tolerance statistics were examined in all models to check for possible multi-collinearity among predictor variables, of which no instances were found. As the univariate regression analyses suggested that the FE data may be more reliable than the RSPB and WTS data, models were run for all-site data and FE data only. To avoid problems of multicollinearity with the size of population and sub stitute woodland variables, only one was considered at any time in the multiple regression analysis. In other words, in cases where the population variable was entered, the substitute woodland variable was excluded and vice versa.
In model I ( Table 5 ) , four variables explain considerably more than half of the variation in the visitor counts ( R 2 = 0.552) at all forest sites: forest ownership, the population within a 2-h drive time, the number of forest attributes and car park capacity.
Confi dence intervals are also included to indicate the degree of certainty that can be applied to the coeffi cients. The range of values between the lower and upper bound limits indicates how certain we can be about the values of β computed for each variable. These relatively wide intervals are likely to be indicative of the quality of visit data available for the study. Acquisition of more, and certainly better quality, visit data would be advisable before applying these parameter estimates to predict visitor demand at unsurveyed sites. However, the variation in visit rates explained by the predictors, and overall statistical signifi cance of the model implies that some useful observation can be made.
As discussed previously, the value of forest ownership and car park capacity as explanatory variables is questionable. Excluding these from the all-site analysis, along with forest size which correlated with ownership, generates model II ( Table 6 ). This has less explanatory power ( R 2 = 0.408), but is made up of more easily explained variables: the number of facilities present at the site, the population within a 2-h drive time of the site and two socio-economic characteristics of the local population -the proportion of retired households and households with young families. It is not unreasonable to expect both these groups to visit forests for recreation more than other socio-economic groups. All variables are highly signifi cant and have a positive infl uence on visit numbers. Thus on balance, model II presents a fairly robust TGF for all sites.
Given concerns over the quality of the visit data provided by the RSPB and WTS, regressions are run on FE data only to generate model III ( Table 7 ) . Interestingly, the model with the greatest explanatory power retains the unweighted index of site attributes. Other explanatory variables in model III include a measure of population, this time the population within a 90-min drive time of the site, and the index of accessibility to alternative large woodlands. The explanatory power of the model is also increased, with over half the variation ( R 2 = 0.508) in the data explained by only three variables. Confi dence intervals also imply a greater degree of certainty about the relative infl uence of included parameters on visitor demand. Again, all variables are highly signifi cant and have a positive infl uence on visit numbers. The explanatory variables in model III reinforce expectations of the key factors infl uencing recreation demand.
The increased ability of the model to explain greater variation in the FE data is a further indication that the FE data may be more reliable than the WTS and RSPB data.
Model transfer and validation
In principle, these models can be used to predict visitor numbers to other forest sites and the efficacy of transferring the models can be tested. Following Jones et al. (2002) , the models were cross-validated by refi tting a series of ' omit ' models to predict visitor numbers for forest sites systematically excluded from the sample. (This is preferable to excluding a subset of observations for validation at the outset, as it does not have adverse effects on degrees of freedom in the main model.) A series of regressions are run, each omitting one site. The revised coeffi cients are used Signifi cance levels of t : * P < 0.1, *** P < 0.01. to estimate the predicted annual number of visits to the omitted site. This is done for all sites and provides a form of cross-validation in that the same dataset is not being used to assess the quality of predictions as is used to develop the model. Thus, prediction errors will not have an overoptimistic bias. An observed-to-predicted ratio is then calculated to assess validity of the model. Table 8 shows the proportion of sites where the predicted number of visits fell within ±10, ±50, ±75 and ±100 per cent of the observed values respectively. Model II predicted within ±10 per cent (observed-to-predicted ratio between 0.90 and 1.11) of the observed number of visits for only 4 per cent of all sites. Predictions of visits for 36 per cent of the sites were within ±50 per cent of the observed number of visits (observed-to-predicted ratio between 0.66 and 2), and predictions for 65 per cent were within ±75 per cent (ratio >0.57 and <4). A small number of sites had adversely high/low observed-to-predicted ratios. The results for model III, the model for FE sites only, show a signifi cant improvement in the accuracy of the predictions over the ' all sites ' model. Model III predicted within ±10 per cent of the observed number of visits for 11 per cent of the sites, within ±50 per cent on 44 per cent of the sites and within ±75 per cent of visits on 80 per cent of the sites. For this model, the difference between observed and predicted was greater than 100 per cent on only one site.
At the site level, estimates from both models II and III were relatively evenly split between underpredictions and overpredictions. Across all sites, total visit numbers were predicted within 33 and Signifi cance levels of t : ** P < 0.05, *** P < 0.01. Signifi cance levels of t : *** P < 0.01. Overall, the results of the validation suggest that model III is a reasonably reliable predictor of visits to FE sites outside the sample on which it was based. Thus, the application of this model to predict visits at other FE sites could be justifi ed if the sites used in the analysis were representative of other FE holdings across GB. However, this was not statistically established due to limited data availability.
Discussion
The models presented here show how a relatively high degree of variation in visit data can be explained by only a few variables. The results of the analysis reinforce many of the fi ndings from previous studies. As in Brainard et al. (2001) , car park capacity was found to be a signifi cant factor infl uencing visit rates, although interpretation of this remains ambiguous. Here, it was a measure of the number of site attributes as measured by the index, rather than individual site facilities, that were found to be signifi cant. Alongside these relatively easily collected and reliably measured variables, the models show the key importance of the size and nature of the local population, as well as measures of accessibility to alternative forest recreation sites in understanding visit rates to forests. Again, as with Brainard et al. (2001) , of the population variables it was the number of people living within a 2-h drive of the forest site that had the strongest statistical relationship with the number of visits.
Population and substitute-site variables are less easy to calculate than attribute variables, relying on sophisticated GIS analysis to generate the data. Brainard et al. (2001) suggest using simpler models that require less complex data. While this may be appropriate where a lower level of explanatory power is all that is required, this is unlikely to be adequate to reliably inform site-level management decisions. Furthermore, the high ly signifi cant relationship between visits and the socio-economic characteristics of the population in model II and a measure of access to substitute woodlands in model III would suggest that they are too important to ignore. Essentially, the research described here represents a good example of what could be achieved if a number of data limitations were addressed. These limitations, which relate to both the measurement of forest recreation visits and the acquisition of reliable data to predict such visits, are discussed below.
Although developments in GIS technology make the generation of spatially explicit input data increasingly straightforward, there are some high-quality datasets available, such as the socioeconomic data on population in the national census data, in which signifi cant improvement is unlikely. Nonetheless, as noted by Lovett et al. (1997) , many of the generic and specifi c issues related to the use of GIS in the analysis of recreation demand have yet to be adequately addressed, particularly in relation to the estimation of reliable explanatory variables such as accessibility indices for substitute recreation sites. In addition, data availability in some areas remains a barrier to progress, for example, the lack of spatially explicit data on tourism populations. This may be one reason why many earlier studies have failed to consider the tourism population in their analysis. The results of the survey of forest visitors associated with this study found that tourists accounted for a signifi cant proportion of visitors across all sites and that the proportion of tourists to residents varies considerably between sites. Further consideration reveals a relatively distinct bimodal pattern in the visit data, with visits to the majority of sites being dominated by either tourists or local residents. Thus, the absence of tourism population data undoubtedly accounts for some of the unexplained variation in the visit data. Perhaps more importantly, if there are grounds for suspecting that visit decisions made by tourists are infl uenced by a signifi cantly different set of factors to those that infl uence visit decisions of local residents, then this pattern in visits may suggest the need for future TGF analysis to distinguish between woodlands on the basis of their primary user group, i.e. those servicing local residents, and those with a higher profi le primarily servicing tourists.
Ultimately, from this analysis it is not possible to know whether the unexplained variation in visit data is due to ' missing ' or inaccurate explanatory variables or due to inaccuracies in the original visitor counts. Essentially, where the method, timing and timeframe of visit count data collection vary, potential errors in the data are introduced. The likelihood of error is even greater where visitor numbers to forests are based on extrapolated estimates rather than counts, whilst the lack of a common defi nition of what constitutes a recreation site introduces further ambiguity into the modelling process.
Currently, reliable visit data do not exist for a suffi ciently large and representative range of publicly accessible woodland to develop models that will be universally transferable. Systematic collection of data across a representative range of sites would require considerable investment and coordination between woodland site owners/managers. In theory, overcoming the limitations described here and developing a reliable tool with which to predict visits to unsurveyed sites could be of great benefi t to forest management decision making, especially if the role of woodlands as providers of amenity services continues to increase in importance. However, any commitment of future resources by those involved in forest management to rectify the identifi ed shortfalls should take into account the decision-making benefi ts resulting from improved TGFs in relation to the inherent ' noise ' that is always likely to affect recreation demand modelling, where many facets of visitor behaviour and local contextual factors will inevitably remain unaccounted for, however reliable the data inputs.
Conclusions
Increasing demand for countryside recreation is a primary driver of the trend towards multi-purpose forestry in the UK. In the next few decades the landscape of the UK is set to undergo signifi cant change, with large areas of forest due for harvesting, whilst shifts in land use policy, such as the reforms of the Common Agricultural Policy, provide opportunities to redirect resources away from forests managed for timber towards forests managed for a wider range of benefi ts including recreation and amenity.
Together, these provide a strong argument for the development of tools to assist in the planning of forests for recreation in the countryside. However, robust and statistically defensible models for widespread application have yet to be developed. Previous studies have generally been constrained by limited visitor data and inadequate treatment of spatially explicit explanatory factors. This study has built on previous studies in this important area by including visit data from 100 sites around GB. The developed models illustrate how recreational trips to woodland destina tions can be explained using variables describing the recreational catchments around the destination, its population and the attributes of the destination.
The study represents good illustration of what could be achieved if data limitations, in particular those relating to the quality of visit data itself, the defi nition of what constitutes a forest site and the lack of spatially explicit data on tourism populations, could be solved. In the same way, whilst transfer of TGFs to specifi c forest sites to inform site-level micro-management decisions cannot yet be statistically defended, the results of this study suggest that the more reliable models presented here are suffi ciently robust to be used for the purpose of aggregate-level analysis, for example, to improve understanding of the important role that forest recreation plays in the rural economy. This is subject to the sites used in the model being rep resentative of other sites, a strong assumption in itself. As with other recent studies in this area of research ( Lovett et al. , 1997 ; Jones et al. , 2002 ) use of GIS analytical techniques has facilitated continual improvement in the calculation of spatially explicit explanatory factors. This can only be encouraging in the search to develop tools to forecast user demand for woodlands specifi c in both type and facilities. However, it is likely to be the quality of visit data that is the ultimate constraint in this respect. In order to achieve models of suffi cient reliability for site-level decisions, there is a clear need for private land owners to work alongside public organizations like FE to improve the quality of data relating to the number of visits to publicly accessible woodlands in GB.
